As to the filtering of medical images, it is important to preserve edges and details. A major drawback of filtering is that it often blurs important structures along with noise. Scale-based filtering methods of scalar images have been studied in recent years. In this paper, we generalize the scalebased filtering method from scalar images to vectorial images. Here we introduce three vectorial scale-based image filtering methods on the basis of conventional VMF, BVDF, and DDF. These new methods use local structure size or "object scale" information to arrest smoothing around fine structures. The object scale allows us to better control the filtering process by constraining smoothing in regions with fine details while permitting effective smoothing in the interior of homogeneous regions. Qualitative and quantitative experiments based on Visible Human Project data sets demonstrate that our proposed methods outperform the corresponding conventional filtering methods in preserving edges and details.
INTRODUCTION
Image signals are composed of flat regional parts and abrupt changing areas, such as edges, which carry important information in visual perception. Images are often degraded by noise during the acquisition or transmission process. So noise filtering is an important task in image processing, especially when the final product is used for edge detection, image segmentation, and data compression. Usually, there are three main types of noise: impulse noise, additive noise, and multiplicative noise. In the case of corruption by additive noise, a value from a certain distribution, such as a Gaussian distribution, is added to each pixel of the image.
In this paper, we only consider the vectorial medical images corrupted by additive Gaussian noise. The vectorial images may represent color images with R-, G-, and B-components, or multispectral images such as T1-, T2-, and PD-weighted images acquired via MR imaging. Vectorial images, such as the multispectral images, provide more information than the individual images. Since natural vectorial images usually exhibit significant spectral correlation, it is appropriate to use vector algebra and vector fields to process color pixels as vectors in color image filtering. In the last two decades, the conventional vector filtering methods, such as the vector median filter (VMF) [1] , the vector directional filters (VDF) [2] , and the directional distance filter (DDF) [3] , have been proposed already. These three methods use different distance measures to compute the sum of the distances between one vector and the others in a predefined filter window. VMF uses L 1 or L 2 norm to order vectors according to their relative magnitude differences, i.e., VMF outputs the vector that minimizes the sum of the distances to all the other vectors. The angular distance, which quantifies the orientation difference between two color vectors, can also be used as their distance measure. Therefore, the basic vector directional filter (BVDF) outputs the vector that minimizes the sum of the angles with all the other vectors. It is obvious that a generalized similarity measure model, which can effectively quantify differences among multichannel signals, should take into consideration both the magnitude and the orientation of each vector signal. Based on this idea, Karakos et al. proposed DDF, to combine VMF and VDF, by a generalized distance criterion to order the vectors inside the filter window. As to these three conventional filtering methods, the size of the filter window is usually fixed. For example, 3 × 3 window is often used in filtering methods. Obviously these methods do not consider any morphological or structural information of the image to control the extent of filtering in different regions. Thus fine structures in the vicinity of boundaries and edges are often blurred upon filtering. So how to adaptively control the degree of filtering in different regions of an image is the main purpose discussed in this paper.
To overcome these problems, we bring in the concept of scale -the 'object size' information -to control the degree of filtering in different regions. A b-scale is determined at every element in the image that indicates the size of the largest homogeneous hyperball region centered at the element. By definition, the b-scale in regions with fine details or in the vicinity of boundaries is small. Thus, a restricted filtering parameter (corresponding to a small size of filter window) is automatically selected in small b-scale regions, which are corresponding to fine details and the vicinity of boundaries, while a generous filtering parameter (corresponding to a large size of filter window) is applied at large b-scale regions, which are corresponding to interiors of large homogeneous regions. Besides the b-scale-based filtering method [4] , a tensor scale-based [5] and a g-scale-based filtering methods [6] were also proposed as an extension of b-scale method to filter the MRI or CT images. All these three scale-based filtering methods have demonstrated significant improvements in preserving edges and fine details along with noise attenuation in gray scale images.
In this paper, we generalize the b-scale-based filtering method from scalar images to vectorial images. We introduce three vectorial b-scale-based image filtering methods (scale-based vector median filter (SVMF), scale-based basic vector directional filter (SBVDF), and scale-based directional distance filter (SDDF)) on the basis of conventional methods (VMF, BVDF, and DDF) by bringing in the idea of b-scale information. While filtering using these three proposed methods, we adaptively select the size of the filter window centered at each pixel according to its scale value. Extensive simulation results indicate that the proposed three filters outperform the corresponding conventional filters in preserving edges and fine details. The rest of the paper is organized as follows. In Section 2, we briefly review the concept of scale and means to compute it in Section 2.1. In Section 2.2, we define our proposed vectorial b-scale-based filter methods, SVMF, SBVDF, and SDDF. Experiment results of qualitative and quantitative evaluations on Visible Human Project data sets are presented between three conventional filters and three proposed methods in Section 3. In Section 4, we state our conclusions.
METHODS
In order to estimate a scale, we first give some terms defined in [7] . Let Z denote the set of all integers. We use Z n as the underlying digital grid, and the elements of Z n will be called spels (short for spatial elements). When n = 2, spels are called pixels, and when n = 3, they are called voxels. A fuzzy relation α in Z n is said to be a fuzzy spel adjacency and can be defined as follows. For
where || c − d || denotes the distance between c and d. The pair (Z n , α) can be referred to as a fuzzy digital space. A digital vectorial image can be referred as vectorial scene over a fuzzy digital space (Z n , α) and it can be represented by a
, where C is a finite dimensional rectangular array of spels called the domain of C and f = ( f 1 , f 2 , … , f l ) T denotes a vector-valued scene intensity function whose domain is C and range is a set of integers [L 1 
, where l is the vectorial dimension. For example, as to the color image with R-, G-, and B-components, l is 3.
Scale Estimation
For any spel c ∈ C, a hyperball B r (c) of radius r centered at c is defined by (2) where || c − d || denotes the distance between c and d. We define a fraction of object FO r (c) by (4) where Σ h is a homogeneity covariance matrix that indicates the covariance among the different components of intensity that is allowed in order to still consider spels c and d as being homogeneous with each other.
In [7] , Σ h is estimated over the entire scene by excluding certain upper percentiles of gradients which account for edges. For any c, d where λ is a percentile value and here it equals 90. Then Σ h can be estimated by (6) where
After we obtain the homogeneity covariance matrix Σ h of function W h in (4), we can estimate the scale at a spel c using the definition of FO r (c) in (3). The algorithm for b-scale estimation, iteratively increases the ball radius r by 1 (starting from r = 1) at each spel c ∈ C and checks the value of FO r (c), the fraction of the object containing c. The first time when FO r (c) falls below a tolerance limit τ, the ball is considered to enter a region of different homogeneity from that to which c belongs. Here we use τ = 0.85 in this paper. The output of the algorithm is a b-scale scene C S = (C, r S ), where r S is the radius of the largest ball centered at c within which the spel vector intensities are homogeneous.
Vectorial B-Scale-Based Filtering
In this section, on the basis of three conventional filtering methods (VMF, BVDF, and DDF), we present three corresponding vectorial b-scale-based filtering methods (SVMF, SBVDF, and SDDF) that use the structural information of an image to adaptively select different size of filter window centered at different spel.
The main idea here is to determine the size of local structure (scale value) at each spel and then to control the degree of filtering using this parameter. In Fig. 1 , an example of an estimated scale scene ( Fig. 1(b) ) of a slice from the Visible Human female color vectorial image ( Fig. 1(a) ) is shown.
In the scale scene ( Fig. 1(b) ), the brighter value of a spel indicates the larger scale value at this spel. Obviously we can see in Fig. 1 that the scale values are usually small in the vicinity of boundaries and fine details while they are large in the interior of large homogeneous regions. Then it is reasonable to select small size filter windows centered at the spels whose scale value are small and large size filter windows centered at the spels whose scale value are large. Therefore, our proposed methods on the basis of this idea can accurately arrest blurring around fine details and allow more generous filtering in large homogeneous regions.
As we all know that the conventional filtering methods (VMF, BVDF, and DDF) use different distance measures to compute the sum of the distances between one vector and the others in a fixed size of filter window. The major drawback of these methods is that, when the size of the window is small, the methods fail to get good performance of noise suppressing. On the other hand, when the size of the window is large, fine structures and details are lost and substantial amount of blurring takes place across boundaries. So how to find optimum neighborhood size is the major problem in this type of approaches.
Here we bring the idea of scale to adaptively select the size of neighborhood while using the filtering methods, such as SVMF, SBVDF, and SDDF. After we get the estimated scale scene of an image, we use large neighborhoods in the interiors of large structures (where the scale values are large) and small neighborhoods in fine structures and details (where the scale values are small). That is to say, at any spel c, when we use filtering methods, such as SVMF, SBVDF, and SDDF, respectively, any spels that satisfying (2) can be taken into account to output an appropriate vector that minimizes the sum of the distances to all the other vectors. Here we employ same distance measures in filtering methods SVMF, SBVDF, and SDDF as corresponding methods VMF, BVDF, and DDF, respectively. estimated as to what is the largest disc that can be centered at c within which the vector intensities are homogeneous. In this scale scene, intensity at a location is proportional to the scale value at that location. Now we take SVMF as an example to explain the algorithm for obtaining the filtered image C′ = (C, f′ ). The noisy image is C = (C, f) . The estimated scale scene of the noisy image is C S = (C, r S ). Algorithm SVMF Input: C, C S Output: C′ begin for each spel c of the noisy image C do get r = r S (c), which is the estimated scale at spel c; get all the vectors corresponding to the spels that satisfying (2); output the vector f′ (c) that minimizes the sum of the magnitude distances to all the other vectors; endfor; end
EXPERIMENTS
In this section, we present the experiment results of qualitative and quantitative evaluation by comparing proposed methods SVMF, SBVDF, and SDDF with conventional methods VMF, BVDF, and DDF, respectively. The scene data used in our examples is from the Visible Human female color scene. One 2D slice of the data is shown in Fig. 2(a) . The size of scene domain is 570 × 670 with a pixel size of 0.33 × 0.33mm 2 . The noisy images are generated by adding a correlated zero mean Gaussian noise. One of the noisy images is shown in Fig. 2(b) .
Qualitative Evaluation
In Fig. 2 , we illustrate the filtered output from three conventional methods shown in Fig. 2(c) -(e) and three proposed methods shown in Fig. 2(f)-(h) . It can be seen from all six filtered images that boundaries contrast seems to be higher using scale-based methods than using corresponding conventional methods. Also, scale-based methods seem to preserve fine details (as indicated by arrows in Fig. 2 ) better than corresponding conventional methods.
Quantitative Evaluation
For a quantitative comparison between three conventional methods and three proposed methods, we used the Visible Human female color scene corresponding to five levels of noise.
In Fig. 3 , filtering performances of the proposed filters SVMF, SBVDF, and SDDF, compared with the corresponding filters VMF, BVDF, and DDF, are illustrated respectively. Noise increases along the horizontal axes from left to right. Two quantitative measures, MAE and PSNR, are used to assess
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where (9) where O(i, j) and R(i, j) represent vector intensities of pixels of the original image and the restored image, respectively. || · || and | · | denote the L 2 and L 1 norm, respectively. From Fig. 3 , we can obviously get that at every level of noise, PSNR is bigger for scale-based filter than that for corresponding conventional filter, while MAE is smaller for scale-based filter than that for corresponding conventional filter. Note that the bigger value for PSNR and the smaller value for MAE mean better filtering performance.
CONCLUSION
In this paper, we have proposed three new b-scale-based filtering methods (scale-based vector median filter, scale-based basic vector directional filter, and scale-based directional distance filter) on the basis of three conventional filtering methods VMF, BVDF, and DDF. The main contribution in this paper is that we bring in the scale information in filtering methods for vectorial medical image. We generalize the b-scale-based filtering method from scalar images to vectorial images. The local scale, which is estimated by using a suitable region-homogeneity criterion, is applied to adaptively select the size of filter window and then to effect a restricted smoothing in the vicinity of boundaries and in fine details while allowing more generous filtering in the interiors. Both quantitative and qualitative evaluations have been presented to demonstrate the superior filtering performances of proposed filters.
